[1] Multiwavelength (MW) Raman lidars have demonstrated their potential to profile particle parameters; however, until now, the physical models used in retrieval algorithms for processing MW lidar data have been predominantly based on the Mie theory. This approach is applicable to the modeling of light scattering by spherically symmetric particles only and does not adequately reproduce the scattering by generally nonspherical desert dust particles. Here we present an algorithm based on a model of randomly oriented spheroids for the inversion of multiwavelength lidar data. The aerosols are modeled as a mixture of two aerosol components: one composed only of spherical and the second composed of nonspherical particles. The nonspherical component is an ensemble of randomly oriented spheroids with size-independent shape distribution. This approach has been integrated into an algorithm retrieving aerosol properties from the observations with a Raman lidar based on a tripled Nd:YAG laser. Such a lidar provides three backscattering coefficients, two extinction coefficients, and the particle depolarization ratio at a single or multiple wavelengths. Simulations were performed for a bimodal particle size distribution typical of desert dust particles. The uncertainty of the retrieved particle surface, volume concentration, and effective radius for 10% measurement errors is estimated to be below 30%. We show that if the effect of particle nonsphericity is not accounted for, the errors in the retrieved aerosol parameters increase notably. The algorithm was tested with experimental data from a Saharan dust outbreak episode, measured with the BASIL multiwavelength Raman lidar in August 2007. The vertical profiles of particle parameters as well as the particle size distributions at different heights were retrieved. It was shown that the algorithm developed provided substantially reasonable results consistent with the available independent information about the observed aerosol event.
Introduction
[2] Desert dust aerosols play an important role in the Earth's radiation budget [Moulin et al., 1997; Sokolik et al., 2001; Swap et al., 1996] . Dust intrusions can modify the temperature, dynamics and chemical composition of the atmosphere via heterogeneous reactions. To estimate the corresponding radiative forcing, the quantification of size-dependent optical properties of the dust particles is required. Information about the vertical distribution of dust particles both close to a major source region as well as during intrusion episodes has been gained during the last decade by means of elastic-backscatter [Liu et al., 2002 [Liu et al., , 2008 , Raman and high spectral resolution lidars (HSRL) [Mattis et al., 2002; Müller et al., 2003; De Tomasi et al., 2003; Perrone et al., 2004; Mona et al., 2006; Xie et al., 2008] . Raman and HSRL lidars allow an independent calculation of aerosol extinction and backscattering coefficients [Ansmann et al., 1992] , together with particle depolarization ratio and are widely used to characterize dust particle properties. For example, much information about dust particle properties was obtained during the Saharan Mineral Dust Experiment (SAMUM) [Heintzenberg, 2009; Ansmann et al., 2009; Esselborn et al., 2009; Freudenthaler et al., 2009; Heese et al., 2009; Tesche et al., 2009a; Wiegner et al., 2009] using a unique "lidar park," including Raman and HSRL systems.
[3] The retrieval capabilities of Raman lidars are improved when the measurements are performed at multiple wavelengths. With this information, microphysical properties of aerosols can be retrieved through mathematical inversion [Müller et al., 1999; Veselovskii et al., 2002 Veselovskii et al., , 2004 . However, an application of these multiwavelength (MW) algorithms to dust measurements must overcome certain obstacles. For example, all existing lidar algorithms model aerosols as an ensemble of spherical particles even though it is well established that backscattering by irregularly shaped particles is weaker than that predicted by the Mie theory for spheres of equivalent volume. Moreover, lidar backscatter from dust particles is strongly depolarized, thus particle depolarization ratios as high as 30% were observed during SAMUM campaign [Freudenthaler et al., 2009] . The spectral dependence of the particle depolarization ratio contains information about particle parameters, but in the framework of the Mie theory this information cannot be exploited in the retrieval. Therefore, the importance of accounting for particle nonsphericity in lidar retrievals is currently well recognized. However, until now this effect remains underaccounted for in all existing lidar algorithms.
[4] Furthermore, accounting for the effects of particle shape in light scattering is not an issue inherent in lidar techniques only. It is a fundamentally difficult problem that imposes significant limitations on the accuracy of estimates of desert dust aerosol properties with most remote sensing techniques (e.g., see the discussions by Mishchenko et al. [2000] , Dubovik et al. [2006] , and Yang et al. [2007] ). The development of a light scattering model for the retrieval of desert dust properties meets serious obstacles because of the complex nature of the formalism describing light scattering. In situ and laboratory measurements also have issues with sampling of unperturbed aerosols, which complicates the characterization of the particles [e.g., Bond et al., 1999; Haywood et al., 2003; E. A. Reid et al., 2003; Tanré et al., 2003] . The optical properties of particles with diverse geometrical shapes and morphologies have been studied for a number of years, but exact solutions describing the interaction of the electromagnetic field with a single particle exist only for several specific geometrical shapes [e.g., van de Hulst, 1957; Bohren and Huffman, 1983; Mishchenko et al., 2000 Mishchenko et al., , 2002 . Existing numerical methods, such as the discrete dipole approximation [e.g., Draine and Flatau, 1994] and finite difference time domain technique [e.g., Yang et al., 2000] , are more flexible in general, but are very time consuming and in practice can be applied only to particle sizes comparable to and smaller than the wavelength.
[5] To overcome these problems, Mishchenko et al. [1995 Mishchenko et al. [ , 1997 suggested to model natural nonspherical aerosol with a mixture of polydisperse, randomly oriented spheroids. In spite the fact that spheroid is the ellipsoid of revolution, a perfectly smooth geometrical form that is obviously far from the actual shape of the real world aerosol particle shape, the spheroid approximation is a clearly appealing concept to account for aerosol particle nonsphericity in lidar applications. First, spheroid is the simplest nonspherical form that generalizes the spherical shape. As discussed in detail by Mishchenko et al. [1997] and Dubovik et al. [2006] the model of randomly oriented spheroids with only one extra characteristic: the distribution of axis ratios rigorously generalizes the conventional spherical models of atmospheric aerosol (assuming, as the first-order approximation, that shape is independent of size). Correspondingly, for such model, the scattering of electromagnetic radiation can be accurately simulated using the T-matrix method by Mishchenko and Travis [1994] . This fact assures full consistency of spectral and angular scattering properties of modeled aerosol scattering properties and provides an essential advantage over empirical models of nonspherical aerosol. In addition, a number of studies [e.g., Wiscombe and Mugnai, 1986; Bohren and Singham, 1991; Kahnert, 2004; Min et al., 2005; Mishchenko et al., 1997] show that a mixture of simplified particles (such as spheroids) can successfully mimic properties of real nonspherical aerosol, because exact shape used for modeling is unimportant to a certain degree due to considerable averaging of contributions from individual particles with different orientations, shapes, and compositions.
[6] This concept has been widely employed in numerous applications to account for light scattering effects caused by deviations of particle shapes from that of a sphere. The operational retrieval algorithm employed by the AERONET (Aerosol RObotic NETwork) [Holben et al., 1998 ] network of ground-based Sun photometers is, perhaps, one of the most vivid examples of using the model of spheroids for the interpretation of aerosol remote sensing observations. First, Dubovik et al. [ , 2002a used the spheroid model to identify and evaluate the retrieval errors caused by neglecting the effect of particle nonsphericity on AERONET retrievals. More recently, Dubovik et al. [2002b Dubovik et al. [ , 2006 have developed an approach allowing fast and accurate computations of spheroid ensemble scattering based on precalculated look-up tables of scattering kernels and included the spheroid model in the AERONET retrieval algorithm developed earlier by in order to account for the shape effects.
[7] More than 5 years of experience with this AERONET code have demonstrated essential improvements in the retrieval of dust properties. First, utilizing the spheroid scattering assumption resulted in the removal of the false fine mode in dV(r k )/dlnr and the removal of the false spectral dependence in the real part of the refractive index identified earlier by Dubovik et al. [2002a] . Second, utilizing the spheroid model significantly improved accuracy of fitting of desert dust observations by AERONET. Specifically, the spheroid model allowed fitting of the entire angular and spectral set of intensity observations to the level of measurement accuracy, i.e., <5% for sky radiances and <0.01 for aerosol optical thickness. Using the spherical model usually resulted in at least a doubling of the sky radiance fitting error. Detailed discussion of the spheroid model performance in retrieval of Asian aerosols can be found in the studies of Eck et al. [2005] . For the case of inverting a new type of AERONET measurements that include spectral and angular measurements of polarization the sensitivity to aerosol particle nonsphericity is even stronger. Results presented by Dubovik et al. [2006] illustrate that the spherical assumption results in a 5% residual for the polarization ratio, while using the spheroid model results in a residual below 1%. Li et al. [2009] provided more extended analysis of observations by AERONET Sun photometers with polarimetric capabilities and demonstrated fully satisfactory performance of spheroid based approach for analyzing observations on nonspherical dust.
[8] Dubovik et al. [2006] has demonstrated that using spheroid-based models allows identification of all important manifestations of aerosol particle nonsphericity in lidar measurements. It was shown that the spheroid model provides the values of extinction-to-backscatter ratios in the range from ∼40 sr to ∼75 sr and values of particle depolarization ratio in the range from 10 to 30% for the aerosol with pronounced coarse mode in PSD when Angstrom exponent is less than 1. The mean value of lidar ratio from AERONET obtained by Cattrall et al. [2005] based on a spheroid aerosol parameterization was 42 ± 4 sr, which is very close to the observations. Finally, the spheroid-based models of desert dust derived from AERONET retrievals are successfully employed in numerous analyses of satellitebased observations including MODIS [Levy et al., 2007] , AVHRR [Zhao et al., 2003] , POLDER [Gérard et al., 2005] , and MSG/SEVIRI [Govaerts et al., 2010] .
[9] Here we adopt the same concept for the incorporation of a spheroidal model into the lidar retrieval of aerosol physical properties. Following the positive experience with the AERONET retrieval development, we model morphologically complex aerosols as a mixture of spherical and nonspherical components, the nonspherical component being an ensemble of randomly oriented spheroids with a size-independent shape distribution. This algorithm is a generalization of our previously published approach [Veselovskii et al., 2002 [Veselovskii et al., , 2004 [Veselovskii et al., , 2009 ] to the retrieval of particle parameters from multiwavelength lidar data. The performance of the algorithm is tested with experimental data from a Saharan dust outbreak episode measured by the BASIL multiwavelength Raman lidar in August 2007.
Algorithm Description

Retrieval Approach
[10] The approach to retrieve the particle microphysical parameters from optical data measured by MW Raman lidar was described in our previous publication [Veselovskii et al., 2002 [Veselovskii et al., , 2004 . The main features of that algorithm are used here as well. The optical characteristics of an ensemble of polydisperse aerosol particles are related to the particle volume distribution via Fredholm integral equations of the first kind as follows:
Here g i (l k ) describes the optical data at the measurement wavelengths l k . The subscript i denotes particle extinction (a) and copolarized (b k ) or cross-polarized (b ? ) backscatter coefficients; r is radius of the particle and v(r) is the particle volume. Radii r min and r max determine the lower and upper integration limits, C i (m, r, l k ) denote the extinction and backscattering cross sections, and m is complex refractive index. By using an index p to label the type of optical data (i) and wavelengths l k , equation (1) can be rewritten as follows:
[11] A spheroid is a geometrical shape formed by rotating an ellipse about its minor axis (oblate spheroid) or its major axis (prolate spheroid). As was suggested by Mishchenko et al. [1997] and Dubovik et al. [2006] , we assume equal amounts of aspect-ratio-equivalent prolate and oblate spheroids and use the aspect ratio " (ratio of largest to smallest size) instead of the axis ratio. For example, Dubovik et al. [2006] have demonstrated that this assumption does not reduce the ability of the spheroidal mixture to reproduce detailed polarimetric measurements of scattering by mineral dust samples. For the size independent aspect ratio distribution
, the polydispersion of spheroidal particles can be described using two independent distributions and equation (2) can be rewritten as follows:
As shown by Dubovik et al. [2006] , adequate modeling of desert aerosol scattering can be achieved with a dn " ð Þ d ln " not including near-spherical particles with aspect ratios less than ∼1.44. Once this condition is satisfied, the retrieval results are generally insensitive to the exact form of
Thus, in our model we use a fixed dn " ð Þ d ln " providing the best fit to the detailed polarimetric laboratory measurements for desert dust samples [Volten et al., 2001] . The aspect ratio is varied in the range 1.44 < " < 3.0.
[12] Thus, equation (4) can be written as follows:
where
Representing atmospheric aerosol as a mixture of two fractions: spheres (s) and spheroids (ns), and assuming that the volume fraction of spheroids h is size independent, (5) can be rewritten as follows:
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Here Kp s (m, r) and K p ns (m, r) are the kernel functions for spheres and spheroids, respectively. In order to solve equation (7) numerically, this equation can be transformed into a system of linear equations by approximating the distribution ∂V(r)/∂lnr by a linear combination of the base functions B j (lnr),
We used the trapezoidal approximation in the lnr space; that is, B j (lnr) have triangular shapes with vertices at B i (ln r i−1 ) = 0; B i (ln r i ) = dV r i ð Þ d ln r ; B i (ln r i+1 ) = 0 (e.g., see details provided by Dubovik et al. [2006] and Veselovskii et al. [2002] ). Equation (7) can be rewritten in a vector-matrix form,
The optical data are represented by the vector g = [g p ], and the weight factors by the vector C = [∂V(r i )/∂lnr]. The matrices A s (m) and A ns (m) consist of the following elements:
Thus, using the system of equation (9) one can find a numerical solution of the integral equation (7). In should be noted that, in principle, the system (9) is nonlinear with respect to all aerosol parameters of our interests, including: C = [∂V(r i )/∂lnr] (size distribution), h and m. Therefore, this system can be considered as nonlinear, and solved by iterative procedure searching for the set of C, h and m providing "the best fit" of observations (e.g., AERONET retrieval algorithm by uses that strategy). Alternatively, using the fact that system of equation (9) is linear in respect of C, one can generate a family of linear solutions for different values h and m and then identify the set C, h and m providing the best fit to the data. Such solution strategy was used in previous work [Veselovskii et al., 2002] and is used here too.
[13] Specifically, for every fixed value of h and m the system of linear equation (9) can be solved via the regularization approach using the well-known expression [Twomey, 1977] 
where H is the smoothing matrix of second differences, g is the regularization parameter, and A T is transpose of A. For every set of r min , r max , m R , m I, h the solution is found from equation (11). The regularization parameter is determined via minima of modified discrepancy r(g) [Veselovskii et al., 2002] ,
whereÂ denotes the integral operator of the Fredholm integral equation (7). We assume that all optical data are measured with the same accuracy, thus their weighting factors in (12) are the same. In our approach we use no a priori information about r min , r max (other that they are inside the interval of 0.05-25 mm), thus we have to consider solutions f k obtained for different inversion windows (all possible combinations of r min , r max ). These solutions for different combinations of m R , m I, h are ordered in accordance with their discrepancy r k , from small to large discrepancies. As shown in our previous publications [Veselovskii et al., 2002 [Veselovskii et al., , 2004 , the mean of the solution family obtained by averaging the individual solutions corresponding to small fitting discrepancy generally is close to the "true" solution. To estimate the number of solutions to be averaged it is convenient to consider the dependence of r av (discrepancy of averaged solution f av = 1 k S f k ) on averaging interval r k ; that is, we sum the solutions with discrepancy smaller than r k [Veselovskii et al., 2004 [Veselovskii et al., , 2009 ]. Typically we average about 1% of total number of solutions and check that the increase of r k does not lead to a significant change in the derived microphysical parameters. Thus, if a sufficient number of independent input data is available, the main particle characteristics such as [14] To solve equation (9), the matrix element {A s/ns } ij must be calculated. The software described by Dubovik et al. [2006] allows the simulation of the matrix elements {A s/ns } ij ("averaged kernels") for any scattering characteristics (scattering, absorption, all elements of scattering matrix for any angle). The kernels were generated in the range of size parameters 0.012 ≤ x = 2r ≤ 625 using the T-matrix method [Mishchenko and Travis, 1994] and the approximate geometric optics integral equation method [Yang and Liou, 1996] . A discrete grid of N r = 34 log-equidistant radii r k , was considered. In the framework of the trapezoidal approximation N r , triangle base functions b k (lnr) centered at r k were used to generate an "averaged kernel" matrix K(m) s/ns with the elements.
Application of Look-Up Tables of Averaged Kernel Functions to the Retrieval
[15] The elements of the matrix K(m) ik s /ns for scattering, absorption, copolarized and cross-polarized backscattering were stored into look-up tables. Calculations of light scattering by spherical particles are much less time consuming and could be performed in real time during the retrieval. Nonetheless, for consistency, we use these look-up tables for both spheroids and spherical particles in our algorithm.
[16] As described in section 2.1, the volume distribution dV r ð Þ d ln r in our retrieval is approximated by the superposition of triangle base functions B j (r). The number of these functions is usually 5-8 ( N r , so for implementation of look-up tables in our program we need to express the base functions B j (r) through b k (r) as
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[17] As we have already mentioned, the minimal and maximal radii of the PSD should be determined in the process of retrieval, thus numerous inversion windows [r min , r max ] must be tested. However, N r = 34 values of r k are insufficient to cover all the inversion windows and we need to introduce interpolation between r k to realize this procedure for arbitrary values of r min , r max . It can be done by recalculating look-up table elements K(m) ik s /ns at intermediate radius r′ k inside the interval by using linear interpolation on logarithmic scale,
The look-up tables were used for inversions within the interval 0.05-25 mm, and the interpolation relationship (14) increases the total amount of inversion windows up to 100, which is sufficient for the retrieval algorithm presented here.
Simulation Results
[18] Before applying the developed algorithm to experimental data, an analysis of both the forward and the inverse problem was performed. Studying the forward problem (model) we tried to figure out the difference in input optical data, such as extinction, backscattering and depolarization ratio, when the aerosol is represented by a set of spheres or by a set of randomly oriented spheroids. Analyzing the inverse problem we persuaded to estimate the uncertainties of retrieval for realistic errors in input data and to figure out the uncertainties introduced when particles of irregular shape are treated as spherical.
3.1. Analysis of the Forward Problem 3.1.1. Kernels for Spheres and Randomly Oriented Spheroids
[19] The difference in optical data calculated for the spherical particles and randomly oriented spheroids is determined by the properties of the corresponding kernels in equation (1). For convenience we will note the ith column of matrix {K(m) s/ns } ik as K i s/ns , it's elements are averaged kernels at radii r k , thus the column represents the kernel dependence on particle size. For every chosen wavelength the index i corresponds to different scattering parameters:
ns calculated from equation (13) 
ns . Up to 0.1 mm the ratio is close to 1, but for larger particles it starts increasing. For big particles (r > 1 mm) the ratio strongly depends on imaginary part m I : it goes down with m I increasing and for m I > 0.015 the spherical and spheroidal kernels approach each other.
[20] Though the size dependence of backscattering kernels for spheres and spheroids is different, the upper boundary of radii interval, where kernels at different wavelengths provide noticeable differences (and can thus be useful for size retrieval), is approximately several micrometers for both types of the particles. The extinction kernels for spheres and spheroids shown in Figure 3 practically coincide, and the kernels for cross-polarized backscattering (Figure 1b ) also don't extend the retrieval range toward big particles. Thus the radii interval where inversion of optical data with spheroidal kernels is possible should be similar to the interval established previously for spheres [Veselovskii et al., 2004] .
Optical Data Computed for Spheres and Randomly Oriented Spheroids
[21] To estimate the difference in optical data for spheres and spheroids we performed the computation of particle extinction and backscattering for a bimodal particle size distribution (PSD),
Here N f,c is particle number density in the fine (f) and the coarse (c) mode. Each mode is represented by a lognormal distribution with modal radius r f,c and dispersion lns f,c . In our forward and backward simulations we used two types of size distributions with parameters listed in Table 1 . The fine mode has the modal radius r f = 0.1 mm and dispersion lns f = 0.4 for both PSDs. To evaluate the effect of particle size on retrieval stability we consider the coarse modes with r c = 0.5 and 0.85 mm, the modal radii for corresponding dV d ln r distributions are 2.1 and 3.6 mm. Dispersion of the coarse mode in both cases is lns c = 0.6. The maximal particle radii in these distributions are below ∼10 mm and ∼20 mm correspondingly, so we will call these PSD 10 and PSD 20 . The real and imaginary part of refractive index in our simulations varied in the range 1.45 < m R < 1.55; 5*10 −4 < m I < 0.01. Long-term worldwide observations in the framework of AERONET demonstrate high variability of dust particles parameters [Dubovik et al., 2002b] , nonetheless the values chosen for r f,,c , lns f,,c and m are quite representative and may be used to illustrate the main features of the forward and inverse problems.
[22] The spectral dependences of particle backscattering and extinction for spheres and spheroids are shown in Figure 4 ; the PSD 20 used in computations is given in Figure 4 as insert. For this size distribution the backscattering by spheres more than twice exceeds the corresponding value for spheroids, while extinction for spherical particles is about 10% lower. The lidar ratio at 532 nm is 51 sr for spheroids, which is a typical number for desert dust particles [Tesche et al., 2009a] , while for spheres the lidar ratio is only 19 sr.
[23] The input optical data are strongly influenced by the complex refractive index. The dependence of backscattering (b s,ns ) and extinction (a s,ns ), coefficients on real part of refractive index for PSD 20 is given by Figure 5 . Particles backscattering is enhanced when m R increases, but b s rises faster than b ns . The reason for this is the peaking of the spherical phase function in the backward direction (for spheroids the phase function at large scattering angles is flat), and the backward peak rises with m R . Extinction coefficients for both particle types don't show strong sensitivity to variations in m R : changing m R from 1.35 to 1.65 leads to an increase of a ns by 25%, thus the rise of backscattering with m R leads to a decrease of the lidar ratio.
[24] The dependence of optical data on imaginary part of refractive index is illustrated by Figure 6 . In the range of 0.0001 < m I < 0.02 the particle extinction shows very little dependence on m I . At the same time, backscattering decreases fast with m I and this effect is especially significant for spheres. In the range of m I variation being considered, b s decreases by a factor of 5 while b ns decreases by a factor of 3. This difference is again explained by the peaking of phase function for spheres in the backward direction: the peak disappears with m I increasing and backscattering for spheres and spheroids become close. From Figures 5 and 6 Figure 3. Extinction kernels K a s ,ns for spheroids and spheres at 355, 532, and 1064 nm wavelengths; m = 1.5 −i0.0005. we can conclude that the most significant difference in backscattering of spheres and spheroids occurs for high values of real part and low values of imaginary part of refractive index.
[25] It is important to evaluate the spectral dependence of the lidar and depolarization ratios, because these parameters are becoming available from multiwavelength Raman and HSRL lidars in dust source regions. For example, the results obtained by Tesche et al. [2009a] during SAMUM demonstrate that the dust lidar ratio is about 55 sr at 355, 532 and 1064 nm. The depolarization ratio measured by Freudenthaler et al. [2009] is about 30% and also does not reveal significant variations in the same spectral range. Thus the comparison of model spectral dependences with experimental results can be an important step in the validation of the ability of a model based on randomly oriented spheroids to represent scattering characteristics of atmospheric dust particles . The spectral behavior of the lidar ratio is sensitive to the particle size distribution and complex refractive index, so for such a comparison the accurate knowledge of these parameters is required. This detailed comparison is beyond the scope of this paper. The limited purpose of the examples given here is to illustrate the influence of the PSD and refractive index on spectral variations of the lidar and the depolarization ratio and to show that modeled spectral dependences are in qualitative agreement with experimental observations.
[26] Figure 7 shows the spectral variation of the particle lidar ratio for different PSDs and refractive indices. The dust particle size distribution in the source region is represented mainly by the coarse mode, and so computations were performed only for the coarse modes PSD 10 and PSD 20 , the corresponding size distributions being depicted as inserts in Figure 7 . To illustrate the effect of the refractive index, the spectral dependences are shown for m = 1.55-i0.001, 1.45-i0.001, 1.45-i0.005. For the PSD 20 (m = 1.55-i.001), the lidar ratio decreases with wavelength from 55 sr to 31 sr. For the PSD 10 and the same refractive index, the spectral dependence flattens: the lidar ratio varies within the range 41 to 32 sr. The decrease of m R from 1.55 to 1.45 makes the lidar ratio almost spectrally independent and its value increases up to ∼55 sr. An increase of the imaginary part enhances the lidar ratio at shorter wavelengths. However, this effect becomes less pronounced with decreasing particle size. It should be noted that the Angstrom exponent calculated at 355-532 nm wavelengths for PSD 10 is negative (about −0.05), while the Angstrom parameters observed by Tesche et al. [2009a] varied in the 0.2-0.4 range, thereby indicating the presence of smaller particles during their observations. This can be one of the factors explaining the weak spectral dependence of the lidar ratio in their measurements.
[27] The spectral behavior of the depolarization ratio computed for the coarse mode PSD 20 is shown in Figure 8 . 
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For m = 1.55-i0.001 the depolarization ratio is about 27% and is spectrally independent. The increase of the imaginary part up to m I = 0.005 leads to a decrease of depolarization at shorter wavelength (d 355 = 20.5%), but the depolarization at 1064 nm hardly changes. For m = 1.45 the depolarization is enhanced, reaching a maximal value of 33% at 1064 nm. For comparison, Figure 8 also shows the spectral dependence of depolarization computed for the fine mode and for the total PSD 20 with m = 1.55-i0.005. For the fine mode, the depolarization ratio decreases from 24% at 355 nm to 2% at 1064 nm, and thus the resulting spectral dependence of depolarization for the total PSD 20 is weak. From the curves presented in Figure 8 , we can conclude that the spectral variation of the depolarization ratio is in a reasonable agreement with observational data.
Analysis of Inverse Problem 3.2.1. Retrieval of Parameters of Irregularly Shaped Particles Using Spheroidal and Spherical Kernels
[28] In the analysis of the inverse problem the randomly oriented spheroids with PSD 10 and PSD 20 distributions were used to generate the optical data (a, b, r). As discussed in section 3.1, such set of spheroids can model the optical data from irregular shape particles with the same dV d ln r distribution. In the retrieval both spheroidal and spherical kernels were used. The simulation was performed for a relatively simple (and thus the most widespread) version of MW Raman lidar system based on a tripled Nd:YAG laser. This system provides three backscattering coefficients at 355, 532 and 1064 nm and two extinction coefficients at 355 and 532 nm, the so-called 3b + 2a configuration. For the purpose of dealing with irregular particles, the particle depolarization ratios d at three wavelengths in principle are also available.
[29] The size distribution retrieved from error free 3b + 2a data set is shown in Figure 9 . Figure 9 shows model PSD 10 used to generate the data set. The retrieved size distribution is close to the model one: the error of the total particle volume V estimation is less than 5%. The model value of refractive index is m = 1.55−i0.001 while the retrieved one is m = 1.57−i0.001. Figure 9 shows also the retrieval result when the particles are assumed to be spherical. The error of the total volume estimation in this case is about 48%, which is higher than for spheroidal kernels, still it is better accuracy than we could expect basing on the results shown in Figures 4-6 . Moreover, the main features of the model distribution are also reproduced. The highest error occurs in m estimation: retrieved refractive index is m = 1.43−i0.004, thus the real part is significantly underestimated, while the imaginary part is usually overestimated (especially when low model values of m I are tested). Finally, when the exact value of model refractive index is used, the retrieval with spherical kernels fails: the coarse mode of PSD is not reproduced properly.
[30] Relatively small errors of volume estimation with spherical kernels can be understood by comparing the kernels K b ns and K b s calculated for different m R and m I . For every value of the real part of refractive index K b ns < K b s , however backscattering by spheres decreases rapidly with m R and in some radii range the spheroidal kernels at m R = 1.55 become comparable to spherical kernels with lower value of m R . For example, for radii in the interval 0.1-0.5 mm and m I = 0.001, K b s (m R = 1.43) is close to K b ns (m R = 1.55). Thus for spheroidal backscattering kernel under consideration it is possible to find spherical one with lower m R and higher m I , such that the kernels will be comparable inside the inversion interval. This implies that when the spherical kernels are used for retrieval of dust particles it is possible, that the algorithm may provide reasonable values for particle size and volume, while yielding a refractive index with significant error: the real part m R will be underestimated, while the imaginary part m I overestimated.
[31] As already mentioned in section 2.1, the inverse problem in our formulation is underdetermined: the set of lidar measurements within a single atmospheric layer is extremely limited: only 5 observations. Unfortunately, this is not sufficient to uniquely describe the properties of the Figure 8 . Spectral dependence of the particle depolarization ratio computed from the coarse (circles and squares), the fine (triangles) mode and for total (stars) distribution PSD 20 . Calculations were performed for refractive indices with m R = 1.45 and 1.55 and m I = 0.001 and 0.005. Figure 9 . The retrieval of spheroids size distribution with spheroidal and spherical kernels. Dotted line shows the retrieval with spherical kernels when exact value of refractive index is used. aerosol within the atmospheric layer. Therefore, we use an intermediate approach. We fit the observation and identify not a unique solution but a family of solutions instead. At the same time, in this process of identifying a family of solutions we use a priori constraints, specifically, we limit the range of considered values of refractive index. Although those constraints do not provide uniqueness of the solution they help to significantly reduce the number of solution family members. Once the solution family is identified the results are averaged and the mean solution is provided.
[32] To illustrate the operation of the algorithm, Figure 10 presents particle parameters, such as volume and complex refractive index derived from individual solutions together with their discrepancies. The error free optical data in this retrieval were generated from PSD 10 with m = 1.5−i.005. The solutions are ranged in accordance with their discrepancy from small to large and the results are shown for the first 300 solutions (the total number of solutions is about 10 4 ). The retrieved parameters oscillate around the model values, shown by horizontal solid lines. In our retrieval we usually average about 1% of the total number of solutions. The averaging interval is shown by vertical dashed lines. After averaging, the error in the estimation of volume V is less than 5%. The results present no strong sensitivity to the choice of averaging interval.
Effect of Spectrally Dependent Refractive Index
[33] Analyzing the forward problem in section 3.1, we neglected the spectral dependence of the particle refractive index, which can be an additional source of uncertainty in the retrievals. The spectral dependence of refractive index of dust particles components has been reported in numerous laboratory studies from the UV to IR spectral region [Sokolik and Toon, 1999] . In situ measurements of imaginary part of mineral dust refractive index in a wide spectral range was performed from the aircraft during SAMUM-1 campaign [Müller et al., 2008] . A significant amount of information on m(l) dependence for dust particles in natural environment in different regions has also been accumulated from AERONET measurements [Dubovik et al., 2002b] . Usually the real part of the refractive index m R is approximated as constant in 355-1064 nm spectral range, while the imaginary part varies significantly. Figure 11 shows the spectral dependence of m I used in our model: m I = 0.001 is constant in 650-1064 nm range, but for shorter wavelengths it increases reaching m I = 0.0058 at 355 nm. This model agrees with AERONET observation [Dubovik et al., 2002b; Eck et al., 2005] and with results published by Sinyuk et al. [2003] .
[34] Figure 11 presents the spectral dependence of spheroidal backscattering coefficients b ns computed from PSD 10 for spectrally variable m I and for a fixed value of m I = 0.0016. The real part of the refractive index is m R = 1.55 in both cases. The spectral variation of m I has an influence only on the backscattering at short wavelengths. To estimate corresponding uncertainties in the retrieval, the optical data were generated using spectrally dependent m I , while in the retrieval m I was assumed to be spectrally independent. The retrieval results for PSD 10 are given in Figure 12 . Ignoring the spectral dependence of m I leads to 17% error in the particle volume estimation. The retrieved refractive index is m = 1.55−i0.003, thus algorithm provides mean over spectrum value of m I . It should be noted that for big particles the rise of imaginary part at 355 nm provides stronger effect to backscattering. As a result the error of the total volume retrieval for PSD 20 is enhanced up to 25%.
[35] The uncertainty induced by the spectral dependence of the refractive index is not so high; moreover it can be partly corrected. One of the simplest ways to account for dependence m I (l) is as follows. Every value of the imaginary part m I , for which equation (11) is solved, is prescribed at 532 nm, while values of m I at 355 nm and 1064 nm are calculated using the ratios
Þ from the model given in Figure 11 , assuming that these ratios do not depend on the chosen m I (532 nm). The dust particles are characterized by high value of m R , so dependence m I (l) is considered only for m R > 1.5.
[36] The result of such correction is also shown in Figure 12 . The error of the total volume retrieval is decreased to 7%. The retrieved refractive index at 532 nm is m = 1.56 −i0.002. which is close to the model value m = 1.55−i0.0016. Such a correction scheme appears to account for the spectral variation of the refractive index. In real dust, the effect of the refractive index on retrieval can be more complicated, including size dependence (refractive indices of the fine and the coarse mode may differ) and dependence on particle shape (spherical and nonspherical fractions may represent the particles of different origin). To introduce corresponding corrections an appropriate model should be chosen, however, the analysis of possible model choices and their implementation in our inversion procedure is beyond the scope of this paper.
Impact of Noise
[37] The uncertainty of parameters retrieval is very sensitive to the presence of the errors in input optical data. The Raman and HSRL techniques are able to provide aerosol backscattering and extinction coefficients with accuracy about 10% and particle depolarization ratio can also be measured with comparable accuracy. To estimate the uncertainty of particle parameters estimation, errors in the range of 0 < " < " max were introduced in the optical data in a random way and the retrieval procedure was repeated a large number of times. The retrieval becomes especially sensitive to input errors for big particle radii, so modeling was performed for both PSD 10 and PSD 20 . The high sensitivity of the coarse mode retrieval to the input errors is illustrated by Figure 13 , showing PSD 20 obtained in 10 trials for 10% input errors. Retrieval of the fine mode is quite stable, but scattering of solutions for r > 5 mm becomes high.
[38] The results of simulations for " max = 10% and 20% are summarized in Table 2 . Retrieval of PSD 10 total volume and effective radius for 10% input errors in 90% of the cases can be performed with accuracy better than 30%, while uncertainty of number density estimation is as high as 60%. Increase of particle radii enhances the uncertainty of PSD 20 volume and effective radius estimation, but it is still less than 45%. The most stable parameter in retrieval is surface density; corresponding uncertainty is about 12% for both distributions. The increase of " max from 10% to 20% approximately doubles the retrieval uncertainty. Estimation of the real part of refractive index is possible with accuracy better than ±0.04 for " max = 10%. The most challenging is the estimation of the imaginary part of refractive index. For m I > 0.005 we can do it with 50% accuracy for both distributions. When m I is below 0.005 we can estimate just upper boundary of imaginary part.
Use of Particle Depolarization Ratios as an Additional Input Optical Data
[39] Multiwavelength lidar based on a tripled Nd:YAG laser is in principle able to provide up to three depolarization ratios at different wavelengths. However, in the retrievals presented in section 3.2.3 we did not show the results obtained with depolarization ratio included in the input data Figure 12 . Retrieval of spheroids size distribution assuming spectrally independent m I and accounting for spectral dependence of m I . Figure 13 . Particle size distributions obtained in 10 runs of retrieval procedure. The 10% errors were introduced in 3b + 2a optical data in a random way. Solid line shows the model distribution PSD 20 . set. When the volume fraction of spheroids in model distribution is h = 100% (i.e., spheres are absent) the results obtained from 3b + 2a + 1d set are close to the results obtained in the absence of depolarization (3b + 2a set) and no significant improvement was observed. It is not surprising, as the kernels for particle cross-polarized backscattering and for extinction are very similar, as it follows from Figures 1 and 3. However, the depolarization ratio becomes important when the model particles are mixture of spheres and spheroids. Such a model describes the situation when, for example, desert particles are transported over a long range and during transportation are mixed with other types of aerosol (oceanic, biomass burning), and modified potentially by chemical and humidification processes. As a result, a significant part of the particles can be represented by spheres. The spheres provide almost twice as large backscatter as spheroids, as it follows from Figure 4 , thus the contribution of irregular particles (spheroidal fraction) can be "masked."
[40] The particle depolarization ratio is a parameter sensitive to the presence of irregular particles [Tesche et al., 2009b] . The importance of using depolarization in retrieval is illustrated by Figure 14 . Figure 14 shows the model distribution PSD 10 and the retrievals obtained from error free 3b + 2a + 1d and 3b + 2a sets computed for m = 1.55 -i0.005 and spheroids volume fraction h = 60%; the depolarization ratio is taken at l = 355 nm. The insert in Figure 14 gives the depolarization as a function of spheroids volume fraction, d 355 increases monotonically with h reaching maximal value of 23.5%. The PSD retrieved from 3b + 2a + 1d is close to the model and the error of total volume estimation is less than 5%. However, for 3b + 2a set this error increases up to 25% and retrieved refractive index m = 1.51−i0.007 differs from the model one. The reason for such difference can be understood from Figure 15 , showing the structure of solutions. The spheroids volume fraction retrieved from 3b + 2a + 1d and 3b + 2a sets is plotted as a function of the solution number. The averaging interval comprises 100 solutions with lowest discrepancy, which is about 1% of the total solutions number. For the 3b + 2a + 1d set the retrieved volume fraction h is stable and coincides with the model for all solutions shown. In the absence of depolarization the retrieved h oscillates and the averaged value h = 35% is lower than the model one. The oscillation of h affects the m R retrieval and as it was pointed previously, the volume estimation.
[41] Numerous runs of the program with 10% randomly introduced errors for the model mixture were performed just as described above. From the results obtained we can conclude that for the 3b + 2a + 1d set the uncertainties of the retrieval of spheres-spheroids mixture parameters are essentially the same as obtained previously for spheroids.
[42] The use of more than one depolarization ratio should farther stabilize the retrieval. Moreover, depolarization ratios can be used instead extinction in retrieval. The simulation shows that 3b + 3d set in principle can provide the estimation of particle volume and refractive index. However, should be kept in mind that a spheroidal model matches quite well the total backscattering of real dust particles though the discrepancies in the calculation of the depolarization ratio may be higher. For example, in Figure 8 from Dubovik et al. [2006] , there is a notable differences between the ratio of scattering matrix elements P22/P11 derived from experimental data of Volten et al. [2001] , and calculations performed with a spheroidal model. To understand how accurately the spheroidal model can reproduce the depolarization of backscatter from real dust, more laboratory measurements at scattering angles close to 180 deg performed for different types of dust are needed. To our knowledge no experimental data of this kind are available at a present.
Application to Experimental Data
[43] The algorithm described here was applied to the lidar measurements carried out by the Raman lidar system BASIL [Di Girolamo et al., 2009a . The lidar was operational [Wulfmeyer et al., 2008] . The system was able to measure three backscattering coefficients at 355, 532 and 1064 nm, two extinction coefficients at 355 and 532 nm, and depolarization at 355 nm. Here we consider the data for 2 August in the time interval 0000-0030 UTC and in the height interval 3500-3900 m to illustrate the main features of the algorithm operation. On this day a Saharan dust outbreak event was observed. Lidar data clearly reveal the presence of the dust cloud between 1800 and 0300 UTC, with the presence of two almost separate aerosol layers: a lower layer located between 1.5 and 3.5 km and an upper layer extending between 3.0 and 6.0 km. Figure 16 shows the vertical profiles of the backscattering coefficient and the particle depolarization ratio on 2 August. The lidar ratios did not change much with height, the averaged in 3000-4500 m height interval value is 68 ± 10 sr for 355 nm and 58 ± 8 sr for 532 nm wavelengths, which is typical for desert dust. Particle depolarization ratio in these measurements did not exceed 15%, thus pointing that the aerosol should contain significant amount of spherical particles.
[44] To illustrate the algorithm operation we have chosen the height layer 3500-3900 m, which is right in the middle of the upper dust layer. The lidar data for this height interval, such as lidar ratios, Angstrom extinction and backscattering exponents are summarized in Table 3 . The Angstrom extinction exponent at 355-532 nm is about 0.6, which indicates the presence of significant volume fraction of small particles. The results of retrievals are shown in Figures 17-19 . In the retrieval the real part of refractive index was varied over the range 1.35-1.65 with a step size of 0.025, while the imaginary part varied over the range 0-0.015 with the step size of 0.001, h varied from 0 to 100% with step size 20%. The solutions were ordered in accordance with their discrepancy from smallest discrepancy to largest discrepancy. As mentioned in section 2, the inverse problem in our case is underdetermined: we solve the system of equation (11) for a large set of m and h. So there is a probability, that the solutions with small discrepancy will be obtained for particle parameters varying in a very large range, thus we will not be able to get particle parameters with acceptable accuracy. To test for this condition we perform analysis of obtained solutions. Figure 17 shows discrepancy of individual solutions f i as a function of solution number i. Normally we average 1% of solutions, but as it follows from Figure 17 , the retrieved values of spheroids fraction, volume, surface density depend weakly on the chosen averaging interval. Irregular particles in this layer are responsible for 80% of the total particles volume. In accordance with our simulations, the most stable parameter in retrieval is surface density S, it is characterized by the lowest standard deviation SD of values derived from individual solutions: inside the averaging interval the ratio of standard deviation to mean value SD S mean = 4%, while for volume corresponding value is 17%. It should be noted, that the actual uncertainty of the parameters retrieval could be higher than the standard deviation, because the mean values of the derived parameters show only the mean of the identified solution family and the standard deviation shows a spread of these solutions. At the same time, both the mean of the solutions and their spread may also strongly depend on the error distribution in the input data. Therefore for uncertainties we use the values obtained in numerical simulation described in Table 2 .
[45] The vertical profiles of particle volume, effective radius and real part of refractive index are shown in Figure 18 . Retrieval was performed from 3b + 2a + 1d and 3b + 2a sets; Figure 18 also shows the results obtained with the spherical kernels. Effective radius reaches the maximal value of 1.5 mm in the height layer centered at 3700 m, in the same layer the highest particle volume density 92 mm 3 /cm 3 occurs. The smallest effective radius 0.27 mm is observed at 2500 m, Figure 19 . The PSDs at (a) 3700 m and (b) 2500 m on 2 August retrieved from complete data set (3b + 2a + 1d), from data set without depolarization ratio (3b + 2a) and PSD retrieved in the assumption of spherical aerosol. this layer is characterized by lowest depolarization ratio of 5%. Retrieved height profile of effective radius correlates with profile of Angstrom parameter, obtained from extinctions at 355 and 532 nm, as it shown in Figure 18a . Maximal value of effective radius corresponds to the minimal value of Angstrom parameter, thus the retrieved height profile of r eff looks reasonable. The real part of refractive index rises with height from 1.44 at 1700 m to 1.57 in the upper dust layer. The imaginary part of refractive was 0.006 ± 0.003 and inside this uncertainty in did not demonstrate significant height variation.
[46] Figure 18c shows the vertical profile of retrieved spheroid volume fraction h, which should quantify the fraction of volume attributed to nonspherical particles. The lowest and highest values of h obtained in retrievals are 50% and 90%. For low values of h the particles parameters obtained from 3b + 2a + 1d, 3b + 2a sets and parameters retrieved with spherical kernels are close, however for 2900-4500 m height range where h rises up to 90% the difference becomes noticeable. Thus at 3700 m the particle volume retrieved with (3b + 2a + 1d set) and without spheroids is 92 and 76 mm 3 /cm 3 . Excluding of depolarization ratio from data set also leads to almost 25% decrease of particle volume, because without depolarization data the spheroidal fraction h is underestimated. The real parts of refractive index obtained with all three approaches tend to become close at 2900 m where volume fraction of nonspherical particles is low, but for h = 80% the difference becomes significant: m R = 1.57 and 1.45 when retrieval is performed with and without spheroids. The underestimation of m R in retrieval with spherical kernels is expected from simulation results presented in section 3. The height variation of h correlates with changes of depolarization. From  Figures 16 and 18 we can conclude, that for particle depolarization exceeding ∼10% the use of spheroidal kernels becomes essential.
[47] The height variation of Angstrom parameter observed in the measurements is caused by variation of PSD. Figure 19 shows the size distributions for 3500-3900 m and 2300-2700 m height layers, corresponding the lowest (in the center of the dust layer) and the highest (outside of the dust layer) values of Angstrom parameter. Again three approaches are considered: retrieval from 3b + 2a + 1d, 3b + 2a set and retrieval using spherical kernels only. At 3700 m the coarse mode is centered at r = 5 mm and it dominates in dV d ln r distribution. Such size distribution is quite typical for the desert dust aerosol [Dubovik et al., 2002b] . The use of only spherical kernels, as well as ignoring depolarization ratio, underestimates the coarse mode. In the size distribution retrieved at 2500 m, which is outside of the main dust layer, the fine mode prevails, and the results obtained with all three approaches are close. The presented experimental case demonstrates the importance of using spheroids kernels for the retrieval of parameters of desert dust particles.
Conclusions
[48] We described an algorithm based on the model of polydisperse, randomly oriented spheroids for the retrieval of parameters of dust particles from multiwavelength lidar measurements. Numerical simulations demonstrate that for typical dust PSDs a Raman lidar based on a tripled Nd:YAG laser is able to estimate particle parameters such as surface, volume density, and particle effective radius with accuracy better than 30%. After having compared retrievals performed with sphere-based and spheroid-based kernels, we can conclude that the application of spheres to the retrieval of dust particles will in general lead to an underestimation of the real part of the refractive index, as a result the uncertainty in the retrieval of other parameters is also increased. Still in many cases the sphere-based kernels allow a reasonable estimation of the dust particle size and volume.
[49] The algorithm developed allows one to use the particle depolarization ratio at multiple wavelengths as an additional input data in the inversion. The use of at least one depolarization becomes essential when a significant fraction of the particle population is represented by nearly spherical particles. Without the use of depolarization the algorithm yields incorrect values of the spheroidal particle volume fraction and thus the uncertainty of particle parameters estimation is increased.
[50] An initial attempt to apply our algorithm incorporating spheroid-based kernels to experimental data obtained with the BASIL multiwavelength Raman lidar was presented. It was shown that the algorithm developed provided substantially reasonable results. Comparisons of the results obtained in the framework of our spheroid particle model with the results derived assuming spherical particles demonstrates that for particle depolarization ratios exceeding 10% the use of spheroids becomes essential.
[51] On the other hand, our approach employs several fundamental assumptions. For example, the complex refractive index, the spheroid aspect ratio, and the volume fraction of spheroidal particles were assumed to be size independent. Therefore, performing additional tests by means of both numerical simulations and comparisons with independent experimental results is highly desirable in order to validate this technique. Further work on algorithm improvement is in progress.
